Abstract Colorectal cancer (CRC) is the third leading cause of cancer death in the US, and stage at diagnosis is the primary prognostic factor. To date, the interplay between geographic place and individual characteristics such as cancer stage with CRC survival is unexplored. We used a Bayesian geosurvival statistical model to evaluate whether the spatial patterns of CRC survival at the census tract level varies by stage at diagnosis (in situ/local, regional, distant), controlling for patient characteristics, surveillance test use, and treatment using linked 1991-2005 SEER-Medicare data of patients C 66 years old in two US metropolitan areas. The spatial pattern of survival varied by stage at diagnosis for both cancer sites and registries. Significant spatial effects were identified in all census tracts for colon cancer and the majority of census tracts for rectal cancer. Geographic disparities appeared to be highest for distant-stage rectal cancer. Compared to those with in situ/local stage in the same census tracts, patients with distant-stage cancer were at most 7.73 times and 4.69 times more likely to die of colon and rectal cancer, respectively. Moreover, frailty areas for CRC at in situ/local stage more likely have a higher relative risk at regional stage, but not at distant stage. We identified geographic areas with excessive risk of CRC death and demonstrated that spatial patterns varied by both cancer type and cancer stage. More research is needed to understand the moderating pathways between geographic and individuallevel factors on CRC survival.
Introduction
Colorectal cancer (CRC) is the third leading cause of cancer death in both men and women [1] . Research has demonstrated that individuals and geographic places with certain characteristics experience a disproportionate CRC burden [2] . For example, disparities in CRC survival have been observed by individual characteristics such as gender, race, and age, among others [3, 4] , and an increasing number of studies have identified disparities in CRC survival across geographic areas and by neighborhood characteristics such as poverty rate [5] [6] [7] [8] [9] .
To date, statistical limitations have hampered the study of geographic disparities in cancer survival and the reasons underlying these disparities. For example, the limited use of sophisticated spatial methods for survival analysis has prevented researchers from pinpointing exactly where disparities in survival are occurring. Conventional statistical methods used in cancer prevention and control research that examine geographic disparities are unable to adjust for spatial adjacency to estimate spatial variation and are often criticized for their inability to estimate independent neighborhood effects [10] [11] [12] [13] . However, as the cluster detection method was developed to handle continuous survival data with different survival distribution functions, it had become the main epidemiological tools to test disease cluster in geographic areas [14] .
In the last two decades, significant advances have been made to address these limitations in the study of geographic disparities in cancer survival and to identify where populations experience worse prognosis. Starting in the late 1990s, a Bayesian survival model was developed by incorporating an intrinsic conditional autoregressive term to obtain estimates from correlated neighboring areas [15, 16] . Subsequently, an unstructured exchangeable random effect was added to discrete-time or multilevel survival models to allow for examination of the spatial variability of hazard rates [17] [18] [19] . While the frequently used spatial scan statistic has been adapted to include spatial variation in time-to-event measurement [14] , there are several issues that limit its functionality. These limitations include its inability to (1) perform risk assessments because it is not a model-based approach; (2) have geography interact with a prognostic factor; and (3) calculate smoothed risk estimates. Recently, a geosurvival model for continuous and discrete survival time was developed [20, 21] , which includes a spatial component, nonparametric terms for both the log-baseline hazard rate and the smoothing function, and time-varying predictors [22, 23] thereby circumventing the aforementioned spatial scan statistics limitations. Mapping the spatial functions allows for the estimation and visualization of the magnitude of geographic disparity across geographic units within a study area in addition to displaying estimates of the spatial effects for these geographic units.
Using newly developed statistical models, evidence is starting to emerge that not everyone is affected by their residential geographic location to the same extent and that the extent of the effects of location may depend on individual characteristics [6, [24] [25] [26] [27] [28] . However, most studies have focused on the interplay between geographic location and sociodemographic characteristics of study participants [25, 26, 28] . In CRC, the primary prognostic factor is stage at diagnosis [29, 30] , and CRC survival decreases significantly with advanced stage at diagnosis [31] . While geographic disparities have been identified in stage at diagnosis [32] [33] [34] , likely as a function of geographic disparities in screening [6, 19, 35, 36] , little is known about the interplay between stage at diagnosis and subsequent geographic disparities in CRC survival. We hypothesize that the spatial pattern of CRC survival varies by stage at diagnosis. Place-based stressors (e.g., higher psychosocial stress, lack of physical activity, high body-mass index, all factors that can cluster at a geographic level) may exacerbate the effect of stage at diagnosis on subsequent survival through increased inflammation and oxidative stress, the latter of which are also associated with CRC progression and survival [37] [38] [39] .
If geographic location moderates the effect of cancer stage, the assumption that stage and geographic location at diagnosis independently affect prognosis will be called into question and the future of spatial and multilevel cancer epidemiology research will face additional complexity in both conceptualization and methodology. The potential implications of our approach for cancer prevention and control practitioners include the identification of distinct geographic areas experiencing disproportionate mortality as a function of stage, ultimately leading to context-specific interventions targeting the key factors driving local stagespecific disparities in survival. This study will examine the spatial variation in CRC survival as a function of disease stage. We hypothesize that (1) the magnitude of the spatial variation in CRC survival depends on stage at diagnosis after controlling for potential confounding factors, such as personal characteristics, surveillance test use, and type of treatment received, and (2) areas can be identified where CRC survival is significantly worse and the location of these areas will vary as a function of stage at diagnosis. [40] . Ninety-four percent of cancer patients reported to SEER aged 66 years or older have been linked successfully with Medicare claims data. Patient follow-up data were collected by hospital-based and population-based registries depending on the size of the hospital. Follow-up policies and procedures were monitored by the governing body of the cancer registry. Different registries have similar followup procedures [41] . This study was reviewed by the Institutional Review Board at Washington University and determined to be exempt from IRB oversight. Because of potential confidentiality concerns by the National Cancer Institute, we are unable to identify either of these registries by name when we map our results. Instead, we refer to them as Registry I and II.
Methods

Data
Study area
We used two metropolitan SEER registries (Detroit and Atlanta) as illustrations of our analyses, and census tract is used as the geographic unit in this study because it is relatively homogenous with respect to population characteristics, economic status, and living conditions [42] . All street addresses regardless of the date of diagnosis were geocoded to the year 2000 TIGER file and census tract geography. A census tract is a small geographic subdivision in a county with 2,500-8,000 residents. Detroit is the largest city in Michigan and the 18th most populous city in the US. The Detroit SEER registry collects data about cancer patients from 1,163 census tracts in three counties (Oakland, Macomb, and Wayne). The Atlanta metropolitan area is the largest metropolitan area from which the SEER registry collects data in the Southern US since 1974. It includes five counties (Cobb, Fulton, Clayton, Dekalb, and Gwinnett) representing 478 census tracts. The two areas have relatively similar shapes, where the total land area of metropolitan Detroit and Atlanta are 5,094.8 and 3,604.3 km 2 , respectively ( Fig. 1 ). Detroit and Atlanta have an average for 6,097.46 and 3,470.79 inhabitants in each census tract based on the 2000 Census, respectively. The average proportion of the population aged 66 or older was 12.7 % in Atlanta and 8.1 % in Detroit, respectively. The two SEER metropolitan areas were chosen based on their relatively large African American population to ensure a diverse population within each area to maximize potential geographic variability and to allow for all census tracts to be contained in contiguous geographic areas.
Study population
The study population was comprised of cancer patients aged 66 or older diagnosed with a first primary tumor of the colon or rectum (International Classification of Diseases for Oncology ICD-O codes C18.0-C20.9) [43] in Detroit and Atlanta from 1992 through 2005. Only CRC patients who had continuous Medicare part A and B coverage and were not enrolled in a Health Maintenance Organization were included in the analysis.
Variable definitions
The selected individual-level variables included in the geosurvival analysis are established predictors of survival [44, 45] : race (White, Black), sex (male, female), Charlson comorbidity score (0, 1, 2?) [46] , disease history (yes, no), surveillance colonoscopy during 3 years after diagnosis (yes, no), radiation (yes, no), surgery (yes, no), chemotherapy (yes, no), age at diagnosis (continuous), and SEER summary stage at diagnosis (in situ/local stage, regional stage, distant stage). Disease history is defined by any personal or family history of inflammatory bowel disease, colon polyps, or bowel disease (yes, no) identified using ICD-9 codes found in Medicare claims from 1991 to 2005. Except for stage at diagnosis, sex, and race which were obtained from the SEER data, all variables were constructed using Medicare claims data and were based on previous studies [47, 48] .
The location of the patient's residence at time of diagnosis was geocoded to a census tract because they are relatively homogeneous with respect to living conditions, socioeconomic status, and population characteristics [35] . There were initially 15,639 CRC patients located in the two study areas; of whom 15,273 patients (97.7 %) were assigned a census tract using street addresses, 299 using ZIP codes, 52 using other geographic information, and 15 were not assigned a census tract. Patients with unknown information on any of the variables described above (6,586 cases) or missing census tract (15 cases) were excluded. The final analysis included 9,038 CRC patients from both registries in our sample.
Statistical analysis
In conventional survival analysis, data are usually denoted by (t i , d i , x i ) for patient i, who has a survival time T i and a right censoring time C i . Hence, the observed time is defined as t i = min(T i , C i ), and d i is an index of censoring, where 1 denotes death, and 0 for otherwise. For colon or rectal cancer-specific survival, the definition of d i is 1 for colon or rectal cancer death and 0 for patients who were alive or who died of non-colon cancer or non-rectal cancer deaths. The vector x i contains linear factors for gender, race, comorbidity, disease history, colonoscopy, radiation, surgery, chemotherapy, and age at diagnosis. Therefore, a survival analysis in terms of the Cox PH model [49] can be established by:
Here, log½h 0 ðt i Þ is the log-baseline function. In our geosurvival modeling approach, the notation of survival data is expanded to (t i , d i , x i , s i ), where s i represents the location of the patient's residence. Hence, Model I can be expanded to:
Model II: log½hðt i ; x i ; s i Þ ¼ log½h 0 ðt i Þ þ x i bþ f spat ðs i Þ where f spat ðs i Þ denotes the spatial function, which is defined as a structured component for geographic information of the census tract. The spatial function is implemented using Markov random fields [50] , which has a Normal prior denoted by: To investigate the extent to which the spatial effect depends on stage at diagnosis, we expand Model II to a goesurvival model using census tract as an effect modifier:
Here, f spat:1 , f spat:2 , and f spat:3 are the spatial functions for patients diagnosed with in situ/local stage, regional stage, and distant stage, respectively. Stage at diagnosis is coded using two dummy variables, SD reg (coded 1 if regional stage and 0 otherwise) and SD dis (coded 1 if distant stage and 0 otherwise). The mathematical attributes of the three spatial functions in Model III are identical to Model II.
The statistical inference for all unknown parameters is based on a fully Bayesian approach using Markov chain Monte Carlo (MCMC) simulation by updating full conditional distributions of the parameters in two blocks, using a Metropolis-Hastings algorithm for the baseline function as well as all spline terms [51, 52] and adopting a Gibbs sampling scheme for the precision parameters [20] . For each model, 25,000 iterations were carried out, with the first 5,000 samples used as a burn-in. We stored every 20th sample from the remaining 20,000 samples, giving a final sample of 1,000 for constructing the posterior distribution for each of the parameter estimates. Also, corresponding 95% credible intervals (CI), which is a synonym of confidence intervals used in frequentist statistics, were calculated based on the posterior distribution of the 1,000 samples. Hazard ratios (HR) for risk factors were calculated by exponentiating parameter estimates. The exponential spatial function can be regarded as the frailty variable in Model II [16] , so the exponential estimated spatial effect in each census tract can be interpreted as the relative risk (RR) for CRC. When the spatial function interacts with stage at diagnosis in Model III, the explanation of the spatial function for the reference level (i.e., in situ/local stage) is generally the same as Model II; however, for regional stage and distant stage, their exponential spatial functions should be interpreted as the number of times the RR increases or decreases from in situ/ local stage. This is similar to a study using cancer registry data by Musio et al. [53] . Model III at location k, P k is a low-order polynomial function, Z k is a Gaussian field with mean zero and covariance function R, and e k is an independent normal error. The interpolated estimates is the best linear unbiased estimate of P k ? Z k given the estimated spatial function from Model III. The spatial data in location k used the longitude and latitude of the centroid data. Hence, the smoothed maps depict the general spatial pattern while the location of patients' residences is protected.
We assessed the fit of the 3 models using the deviance information criterion (DIC) [56] . A smaller DIC denotes a better model fit, with changes in the DIC of at least 7 being in favor of a superior model choice. Statistical significance for HR and RR was determined by the 95% confidence interval not containing one. The geographic disparity was calculated by squaring the spatial variance. All models were implemented in BayesX v2.01 [57] , and all maps were created using the fields package in R v2.14.1 software [58] .
Results
Characteristics of the study population and areas Table 1 shows patient characteristics by stage at diagnosis. All of the characteristics varied statistically by stage at diagnosis except for sex. Overall, survival declined with increasing stage at diagnosis. Figure 2 shows that the distribution of census tract level median survival times in years after diagnosis varied by stage in both SEER areas. As expected, the number of census tracts with available median survival time was lower for more advanced stage based on the number of CRC patients available. Of the 1,641 census tracts in the two study areas, there were 1,530 tracts (93.2 %) with at least one CRC patient in at least one stage group. Table 2 shows that the difference in goodness of fit between models I (i.e., with no spatial function) and II (i.e., with a spatial function) is negligible, but that model III (i.e., with spatial functions by stage interaction) fits substantially better (DDIC [ 7) than either model, suggesting that the spatial effects vary by stage at diagnosis. This is the case for both colon and rectal cancer in both registries.
Geosurvival analysis
In Detroit, the following factors significantly increased the risk of death following colon cancer for patients regardless of stage (Table 3) : Black race, more comorbidities, having a disease history, having received chemotherapy, and increasing age. Same significant factors were found in Atlanta, except for comorbidity and disease history. Table 4 shows the following factors significantly increased the risk of death for rectal cancer patients in all stages in Detroit: male sex, having received radiation, and increasing age, while only having had surgery significantly reduced the risk of death among rectal cancer patients. In Atlanta, none of these factors were associated with survival in rectal cancer patients, except for surgery. Figure 3 shows the interaction between the structured spatial effect and stage at diagnosis for colon cancer based on Model III for each registry. Distant stage had the largest geographic disparity percentage, at a high of 56.96 %. For in situ/localized colon cancer, the areas with higher risk of death (lowest survival) accounted for about half of the geographic area of each registry, and the highest risk areas were concentrated in the northwestern parts of both Detroit and Atlanta, and a part of southern Atlanta. The RR was elevated in all census tracts in both registries at regional and distant stages relative to in situ/localized colon cancer, indicating that such patients had worse survival than in situ/localized colon cancer patients in all census tracts. For regional colon cancer, higher RR highlighted by red and brown colors was present in the northeast and southern a Model I = log-baseline function ? confounding variables (race, sex age at diagnosis, comorbidity, disease history, colonoscopy, radiation, surgery, and chemotherapy); Model II = log-baseline function ? confounding variables ? spatial function; Model III = log-baseline function ? confounding variables ? spatial function 9 stage at diagnosis b Model assessment statistics: Dð " hÞ = the posterior mean of the deviance; p D = the effective number of parameters; DIC = deviance information criterion; DDIC = the absolute difference of DIC between model III and the other two models Fig. 2 Distribution of median survival time at the census tract level after diagnosis by stage in Detroit and Atlanta census tracts of the registries. Patients diagnosed with regional colon cancer in these census tracts were up to 3.14 times (95% CI = 2.57, 4.15) more likely to die compared to patients with in situ/localized colon cancer in the same census tracts. A different spatial pattern was observed for distant-stage colon cancer patients, with higher RRs in the western and northern part of two registries compared to regional-stage disease. Colon cancer patients diagnosed with distant disease were at least 3.50 times (95% CI = 1.33, 5.60) and up to 7.73 times (95% CI = 5.06, 15.04) more likely to die than patients diagnosed with in situ/localized colon cancer in the same tracts. For 46.9 % of census tracts, patients diagnosed with distant colon cancer were equally likely to die as those who were diagnosed with regional colon cancer in these same census tracts. The spatial patterns by stage at diagnosis were different for rectal cancer, as compared to colon cancer, for both registries (Fig. 4) . Geographic disparities were observed at all three stages at diagnosis for rectal cancer and can elevate to at most 117.45 % at distant stage. For in situ/local stage, the RR was distributed almost uniformly across both registries, except for a larger concentration near the northeastern area in one of the registries. For regional-stage rectal cancer, the RR was at least 2.02 times (95% CI = 0.65, 4.08) and up to 3.18 times (95% CI = 1.86, 7.67) higher than for in situ/localized rectal cancer in the same census tracts. A concentration of the greatest elevation of the RR appeared in the northeastern and northwestern areas in both registries. For 14.9 % of the census tracts, there was no statistical difference in survival between regional and in situ/localized rectal cancer. For distant-stage rectal cancer, the RR was at least 2.03 times (95% CI = 0.54, 4.69) and up to 4.69 times (95% CI = 1.26, 27.28) higher than for in situ/localized rectal cancer in the same census tracts. For 42.2 % of census tracts, there was no survival difference between distant and in situ/localized rectal cancer.
Discussion
While studies have shown that CRC survival varies geographically [35, 47, 59] , there are no studies that have examined and observed that the residential location of CRC patients modified the well-established association between stage at diagnosis and survival. Our findings show that the spatial patterns of survival varied by disease stage after adjusting for patient, tumor, treatment, and surveillance characteristics. For several census tracts, we demonstrate that patients with more advanced stage at diagnosis had similar survival as those with in situ/local stage. We also demonstrate that the spatial patterns that identified geographic areas as having either relatively lower or higher survival varied between colon cancer and rectal cancer within the same SEER registry. Moreover, frailty areas with higher RR for CRC at in situ/local stage seem to be more tractable at regional stage than distant stage because we found similar concentrations of the greatest elevation of the RR appeared at regional stage in both registries, but those concentrations moved to other areas at distant stage. Importantly, we also revealed geographic disparities for patients explicitly varied in different stages at diagnosis for both colon and rectal cancers, and the greatest geographic disparities most likely happened at distant stage. Previous spatial analyses showed that CRC survival varied geographically across demographic subgroups [6, 59 ], but we now show that where CRC patients live may differentially impact the effect of tumor stage on survival. One mechanism by which stage at diagnosis and geography could interact to affect survival is through the biological processes of increased inflammation and oxidative stress [37] . Higher inflammation and production of free radicals resulting in increased oxidative stress and associated responses adversely affect survival and both are associated with more advanced stage at diagnosis [37, 60, 61] . Features of geographic areas (e.g., lack of fruit/vegetable availability and/or features of the built environment promoting physical activity) may increase inflammation and/ or oxidative stress by means of lower participation in health-related behaviors (e.g., healthy diet, physical activity) or their consequences (e.g., body-mass index) [39, 62, 63] . Elevated place-based psychosocial stress may also affect inflammation and oxidative stress and thereby CRC survival [64] [65] [66] . Focusing on inflammation and oxidative stress to improve survival may provide opportunities for intervention based on the location of residence and stage at diagnosis. For example, specific types of patients (e.g., those with more advanced stage) in selected locations could reduce their inflammation and oxidative stress by participating in physical activities, quitting smoking, reducing alcohol consumption, or using aspirin and as a result have similar survival as those with in situ/localized disease [67] . Other possible mechanisms include differential responses by stage of disease to the local health care environment including the quantity, quality, accessibility, or affordability of clinical medical care and treatment options, such as the availability of National Cancer Institute designed cancer centers. Given the variables available in this dataset and included in our statistical model (age, race, sex, comorbidity, disease history, type of treatment received, and surveillance colonoscopy), we cannot test these hypothesized mechanisms underlying the moderating effect stage and location of residence.
We demonstrated several key advantages of the geosurvival model compared to traditional spatial, multi-or single-level regression or survival analyses, or other spatial approaches to geographic risk detection. First, the geosurvival model incorporates spatial effects, controlling for the spatial autocorrelation of the outcome if it exists. The flexibility of this model also allows for the inclusion of linear or nonlinear confounders [21, 68, 69] . Second, by using this model, we were able to generate multiple maps that identified the location of differing levels of relative risk as well as the corresponding credible intervals to demonstrate significance of observed differences. Unlike frequentist approaches, the use of MCMC simulation is appropriate in small samples including in some census tracts with only a few CRC patients [70] . Third, our geosurvival models estimated the magnitude of the geographic disparity in survival following patients' diagnosis with colon or rectal cancer.
Our results should be interpreted in light of four potential limitations. First, our sample included only patients C 66 years old, those insured with Medicare parts A and B, without HMO coverage, and those living in two SEER areas thereby limiting generalizability to these populations. Second, our analysis was limited to variables available in the SEER-Medicare dataset. Third, some limitations should also be noted regarding our application of the geosurvival model. The log-baseline effect estimated by a P-spline might be of a different parametric form, such as a Weibull or a Gamma distribution, but software for assigning such baseline functions is still unavailable. Fourth, potential changes in residential address during the period of follow-up for each patient were unknown, which may have biased our findings if such changes varied by stage at diagnosis. 
Conclusion
To our knowledge, we present the first application of a geosurvival model for CRC survival. We demonstrated geographic disparities in CRC survival and document a variable spatial pattern of disparities by disease stage. Using direct visualization of the model parameters in a series of maps, we were able to identify geographic areas with a lower or higher relative risk of survival separately by stage. Notably, we demonstrated a greater geographic disparity at more distant stages of disease for both colon and rectal cancer. More research is needed to understand the complex interplay between geographic and individuallevel factors on health outcomes. Geospatial analyses such as ours hold promise to change how population-based cancer prevention and control research is conducted and to whom and where future interventions are deployed in order to eliminate geographic disparities in cancer outcomes.
